Background: Comparative analyses of chromosomal gene orders are successfully used to predict gene clusters in bacterial and fungal genomes. Present models for detecting sets of co-localized genes in chromosomal sequences require prior knowledge of gene family assignments of genes in the dataset of interest. These families are often computationally predicted on the basis of sequence similarity or higher order features of gene products. Errors introduced in this process amplify in subsequent gene order analyses and thus may deteriorate gene cluster prediction. Results: In this work, we present a new dynamic model and efficient computational approaches for gene cluster prediction suitable in scenarios ranging from traditional gene family-based gene cluster prediction, via multiple conflicting gene family annotations, to gene family-free analysis, in which gene clusters are predicted solely on the basis of a pairwise similarity measure of the genes of different genomes. We evaluate our gene family-free model against a gene family-based model on a dataset of 93 bacterial genomes. Conclusions: Our model is able to detect gene clusters that would be also detected with well-established gene family-based approaches. Moreover, we show that it is able to detect conserved regions which are missed by gene family-based methods due to wrong or deficient gene family assignments.
Background
Gene clusters are sets of functionally associated genes in prokaryotic and fungal genomes that are located close to each other over a longer period of evolutionary time, despite the genome undergoing significant rearrangements. Consequently, gene clusters may be found in several related species by means of comparative gene order analysis. Over the past years several such methods have been proposed and subsequently improved in their sensitivity. Initial gene cluster models considered only completely conserved genomic segments that retain gene order and orientation [1, 2] . Later models still required gene clusters to be contiguous and complete but dropped the requirement for co-linearity [3] [4] [5] . The most powerful class of approaches can handle imperfect conservation of gene content by allowing to some extent either inserted [6] [7] [8] or both inserted and deleted genes [9] [10] [11] .
All above methods require prior knowledge of homology relations between genes, using either a one-to-one mapping between the gene sets of different genomes [3, 6, 5] , or a general partitioning into gene families [4, [7] [8] [9] [10] [11] . In the latter, a genome is modeled as a set of sequences over the alphabet of gene families, where each sequence corresponds to a particular chromosome of the organism.
Most commonly, gene families are predicted computationally on the basis of sequence similarity. Various databases exist that offer information of precomputed gene families [12] [13] [14] . Furthermore, several software tools are freely available that allow for direct computation of gene family assignments in a dataset of interest [15] [16] [17] . Typically, these approaches assume that gene families naturally cluster into densely connected subgraphs in the gene similarity network. However, multi-domain proteins can have strong ties not only to their own family but also to other families they share a domain with. Some of these proteins may not be at all traceable back to a single gene family. While some recent approaches can deal with the ambiguities caused by multi-domain proteins [18, 19] , it is still a major challenge to define cut-offs in the clustering process that at the same time eliminate spurious edges and keep gene families at a reasonable granularity [20, 21] .
In this paper, we present a new dynamic model and efficient computational approaches for gene cluster prediction suitable in scenarios ranging from traditional gene family-based gene cluster prediction, via multiple conflicting gene family annotations, to gene family-free analysis, in which gene clusters are predicted solely on the basis of a pairwise similarity measure between the genes of different genomes. We do this by introducing the concept of common intervals to indeterminate strings, which are a class of strings that can have more than one character at every position. We then extend this concept to allow for a limited number of insertions and deletions. Furthermore, we present algorithms that solve related discovery problems of finding all weak common intervals and approximate weak common intervals in indeterminate strings. Finally, we propose a new method for gene family-free discovery of gene clusters based on (approximate) weak common intervals in indeterminate strings.
Methods

Definitions
Indeterminate strings, also known as degenerate strings are formally defined as [22] :
Definition 1 (indeterminate string) For a given finite alphabet , let P( )be the power set of . An indeterminate string is a sequence of character sets, which are elements of P( )\(∅).
In other words, for an indeterminate string S with n index positions must hold that for every i,
denotes the character set associated with the i-th position in S. In the special case where every position of indeterminate string S holds a singleton set, S is equivalent to an ordinary string. We denote the length of an indeterminate string S with n index positions by |S| ≡ n and its cardinality, i.e. the number of all elements in S, by S ≡ In this work, we generalize the concept of common intervals, which were initially introduced on permutations [23] and subsequently extended to strings [24] . The idea behind common intervals is to compare strings, or rather substrings, based on their character sets. The character set of an ordinary string S is defined as C(S) ≡ {S[i] | 1 ≤ i ≤ |S|}. The equivalent concept on indeterminate strings is the following:
Definition 2 (character set) The character set of an indeterminate string S is defined by
In two ordinary strings S and T over a finite alphabet 
(S[i, j])and C(T[k, l])are equal.
A weaker definition based on the intersection relation between character sets is:
Definition 4 (weak common intervals) Given two indeterminate strings Sand T, two intervals, [i, j] in Sand Tin T, are weak common intervals with common char-
In all our use cases, in particular when dealing with conflicting gene family assignments as well as gene family-free gene cluster detection, the concept of weak common intervals appears to be more appropriate. Thus, in the following, we restrict ourselves to the study of weak common intervals.
Furthermore, continuing a previous line of research initially proposed by Schmidt and Stoye in [4] , we further extend weak common intervals by allowing a limited number of insertions and deletions:
Definition 5 (approximate weak common intervals) Given two indeterminate strings Sand Tand a threshold δ ∈ N 0 , two intervals, [i, j] in Sand [k, l] in T, are approximate weak common intervals with common character
if the number of positions with no intersection with C is limited by δ, i.e.
These positions are called indels.
Generally, algorithms for discovering common intervals of ordinary strings only report pairs of intervals that both are maximal, whereby maximality is defined as follows: In terms of weak common intervals, we introduce the following property derived from [11] :
Definition 6 (C-closed) Given an indeterminate string S, an interval [i, j], and a character set C ⊆ , interval
A reasonable balance between omitting expedient and including apparently redundant weak common intervals is found by the subset of those that are mutually-closed, as defined as follows:
Definition 7 (mutually-closed) Given a pair of inter-
We consequently restrict the enumeration of weak common intervals and approximate weak common intervals to those that are mutually-closed.
Combinatorial complexity. The maximal number of mutually-closed weak common intervals of two indeterminate strings S and T of length n and m, respectively, is bounded by nm. This result follows from the fact that the number of intervals [k, l] in T that are mutuallyclosed weak common intervals with any interval with fixed left bound i in S is bounded by m. Likewise, the maximal number of mutually-closed approximate weak common intervals of indeterminate strings S and T is bounded by (δ + 1) 2 nm. Gene family-free analysis. In absence of gene family assignments, each gene in the dataset is represented by a unique character, linearly ordered along a chromosomal string. Therefore, the n characters of a chromosomal string can be identified by their integer index set {1, 2, . . . , n}. Relating characters of one chromosomal string to characters of another, we presume that we are given a symmetric similarity measure s AB : A × B ℝ ≥0 for any two index sets A and B.
In gene family-free gene cluster analysis we aim at finding pairs of intervals in two chromosomal strings, whose characters are similar. We can reduce this problem to finding (approximate) weak common intervals between two indeterminate strings. To this end, we construct an index mapping B A :
Thus, B A is an indeterminate string over alphabet {1, 2, . . . , |A|, ∞}. Let I A = {1}{2} · · · {|A|} represent the indeterminate string of A, a position in I A shares a character with a position in B A if and only if the similarity of the two corresponding characters is non-zero. Thus, finding intervals in chromosomal strings A and B, whose characters are similar, is equivalent to finding (approximate) weak common intervals of indeterminate strings I A and B A . Note that the set of (approximate) weak common intervals of I A and B A is identical to the one of I B and A B . The (approximate) weak common intervals differ in size and, most substantially, in the similarities between characters within the interval pairs. Therefore, we introduce a simple scoring scheme by which the solution space can be arranged into a landscape of highs and lows of (approximate) weak common intervals, ranked by taking into account the number and the similarities of the contained characters. We define a score function µ xy over an index x in index set X and an interval [a, b] 
We now describe three algorithms to compute all mutually-closed weak common intervals and all mutuallyclosed approximate weak common intervals with at most δ indels in two indeterminate strings. Note that mutuallyclosed weak common intervals are a special subclass of mutually-closed approximate weak common intervals for δ = 0.
In the following, we consider two indeterminate strings S of length n and T of length m.
Discovering weak common intervals
We now describe the algorithm Weak Common Intervals on Indeterminate Strings (WCII) as presented in Figure 1 . It solves the following problem:
Problem 1 Given two indeterminate strings Sand T, discover all mutually-closed weak common intervals of S and T.
To tackle this problem we make use of the following constructs:
Definition 8 (index string) Given an indeterminate string Sof length n, I S ≡ {1}{2} · · · {n} denotes the index string of S.
Definition 9 (index mapping) Given two indeterminate strings Sand T of lengths n and m respectively, the index mapping of S onto T is given by (T S [y]) y=1,...,m, where
Note that index strings and index mappings are again indeterminate strings. The key idea of WCII arises from the following observation:
Observation 1 WCII is an adaptation of Didier's Algorithm [24] of enumerating maximal common intervals in ordinary strings. Didier's strategy can be described as follows:
The algorithm iterates over all positions i in S as possible left interval bounds. In each iteration all mutuallyclosed weak common interval pairs are reported that share the same left bound i in I S . For each possible right bound j ≥ i, the algorithm iterates through the set of positions in T S that contain j in their character set. To this end, we make use of an array POS, where 
, because the character set of each position in I S corresponds to the single element set of its index. The details of both tests are explained below, after relevant data structures are introduced. If both conditions are satisfied, a mutually-closed weak common interval pair is found and subsequently reported.
Like in Didier's Algorithm, we employ two tricks that improve the performance: precomputing min-rank intervals and following paths of rank-nearest successors.
Precomputing min-rank intervals. In order to identify min-rank intervals, it is sufficient to observe the smallest character c ≥ i in each position. To this end, we make use of the following construct:
Definition 10 (i-reduced string) Given index map-
Min-rank intervals in T i S are identical to rank intervals as initially defined by Dider et al. [24] . Interestingly, rank intervals in T i S correspond directly to min-rank intervals in T S :
Lemma 1 The set of min-rank intervals in T S is identical to the set of rank intervals in T i S . Proof: Didier et al. [24] show that rank intervals in a string are nested and that their number is bounded by the length of the string.
Observe that for any position y in T 
Following paths of rank-nearest successors. The second trick in the algorithm consists in increasing the right bound j in I S while walking through positions and characters of T S . Thereby the algorithm jumps from a current position y that contains character j to its ranknearest successor, which is the position y' containing character j + 1 with the smallest min-rank distance to y as defined as follows:
Definition 11 (min-rank distance) The min-rank distance of any two positions k and l in indeterminate string T S for the ith iteration is given by:
If several co-optimal positions are available, the tie is broken by choosing the leftmost one as rank-nearest successor. In case no position with character j + 1 exists, or the smallest min-rank distance is '∞', j has no successor. For the ith iteration, all rank-nearest successors are precomputed and stored in table SUCC which is explained in more detail in Additional file 1 Section 1.2.
Connecting characters larger than or equal to i at their corresponding positions in T S with their rank-nearest successors through directed edges results in a forest of rooted trees. Nodes (across all trees) sharing the same character are said to reside on the same level. In lines 8-28 of Figure 1 , the algorithm traverses along paths through this forest in a bottom-up procedure, from one level to the next, starting at those leaves with character i. Besides the currently visited nodes of the level, the algorithm keeps track of the path bounds, which are the outermost positions in T S a path has visited thus far. The currently visited nodes of the paths and their corresponding path bounds are stored in a list labeled LIST. Only after all nodes of the same level j are processed, the algorithm follows all current paths to nodes of the next level j + 1, thereby ensuring that each character in T S is processed at most once. To this end, for all positions containing character j that have the same rank-nearest successor y', the algorithm discontinues the paths of all but the leftmost one with shortest min-rank distance to y' (line 19). Traversing along paths of rank-nearest successors in WCII differs from Didier's Algorithm by the fact that a position in T S may be visited by the same path several times on different levels.
For any given min-rank interval [k, l] T S there cannot be more than one weak common interval partner in I S starting at position i. Therefore it is sufficient to track at least one path in each min-rank interval to find all mutually-maximal intervals of I S and T S . Positions in POS are sorted, thus paths leading to the same weak common interval pair appear adjacent to each other in LIST and the common interval pair is reported only for the first (lines [15] [16] [17] .
For each node in LIST, associated with character j and position y, the algorithm checks if the min-rank interval 
Discovering approximate weak common intervals
We now present the algorithm Approximate Weak Common Intervals on Indeterminate Strings (AWCII) as presented in Figure 2 , thus line numbers mentioned in this subsection refer to Figure 2 . AWCII solves the following problem:
Problem 2 Given two indeterminate strings Sand Tand indel threshold δ ∈ N 0 , discover all mutually-closed approximate weak common intervals of Sand Twith no more than δ indels.
Following a strategy similar to WCII, AWCII solves Problem 2 for index mappings I S and T S , instead of S and T. As before, in each iteration the algorithm maintains a fixed left bound i in I S . For each character j [i, n] all positions y in T S are processed that contain character j (lines 5-25). Thereby character j at position y in T S can be associated with several different intervals around y that are candidates of mutually-closed approximate weak common interval partners for interval [i, j] I S . Only intervals surrounding one (or several) positions y can be mutually-closed. However, for an interval [k, l] T S containing indels, it no longer holds that the minrank distance of any two positions within the interval is always smaller than the min-rank distance from any position inside to any position outside the interval. As a result, neither precomputed min-rank intervals nor following paths of ranknearest successors can be used for improving the algorithm's performance. Instead we pursue a different approach, thereby making AWCII an adaptation of the RGC algorithm of Jahn [11] . A runtime heuristic for discovering approximate weak common intervals
Our third algorithm, ACSI (see Figure 3) represents a runtime heuristic that solves Problem 2 exactly and in practice outperforms both WCII and AWCII in gene family-free analysis by orders of magnitude. Just as the two algorithms before, ACSI operates on index string I S and index mapping T S instead of indeterminate strings S and T directly. For every fixed interval [i, j] in I S , ACSI identifies mutually-closed approximate 
Results and discussion
In the following, we highlight the benefit of our dynamic model in comparison with present approaches. Although conflicting gene family assignments are extremely common in practice, this scenario is difficult to evaluate. Assuming the existence of an ultimately true gene family assignment, conflicts arise by incorrect gene family assignments. Therefore an evaluation would inevitably result in benchmarking gene family prediction tools, rather than scrutinizing our model.
Instead, we decided to evaluate our gene family-free model against the traditional gene family-based approach. To this end, we chose a genomic dataset of bacterial genomes that has been used in a prior gene cluster study [8] and was originally obtained from [25] . The dataset features 133 chromosomal sequences, of which we removed all sequences originating from plasmids.
In practice ACSI outperforms both WCII and AWCII as shown by Figure 4 . Thus, in all subsequent results, we used ACSI to compute mutually-closed (approximate) weak common intervals.
Gene family-based dataset. Genes in this dataset are annotated with COG (Clusters of Orthologous Groups) identifiers [12] which are used to establish homology relationships between genes. The set of genes in the dataset was revised by the latest available gene information under the accession numbers of the respective genomes at NCBI. To this end, genes that are meanwhile marked as pseudo genes were removed from the dataset. No genes were added, since COG annotations of new genes are not available. We further omitted all genomes from subsequent analyses of which more than 10 pseudo genes were removed in this process. 93 genomes remained, comprising on average 2726 genes (minimum/ maximum number of genes: 784/8317).
Gene family-free dataset. Pairwise similarities between genes in the dataset were obtained using the relative reciprocal BLAST score (RRBS) [26] . Genes were compared on the basis of their encoding protein sequence using BLASTP+ [27] with an e-value threshold of 0.1 and disabled composition-based score adjustments.
For evaluation purposes, we produced different degrees of pruned gene similarity sets by filtering spurious gene similarities. For this, we employed an undirected variant of the stringency criterion (parameterized by f [0, 1]) for gene similarities proposed in [28] , which is described in more detail in Additional file 1 Section 4.1.
To evaluate the gene family-free model, we ran an implementation of ACSI for δ = 0 on the unpruned gene similarity graph of our dataset and compared the 4015841 interval pairs with respect to the contained COG identifiers. We discarded all pairs for which at least one interval contained less than two genes with a COG identifier. In the remaining 1194036 interval pairs, we observed that the similarity in the set of COG identifiers depends strongly on the intervals' score (Table 1) . Among the clusters with a score greater or equal 10, 95% have the same set of identifiers in both intervals. While this number decreases for smaller scores, still a quarter of the interval pairs with a score lower than 1 do not differ in their COG identifiers. This shows that our approach is able to detect gene clusters that would also be detected with well-established gene family based approaches. This is not a surprise, as weak common intervals are in fact a generalization of the classic common intervals model: A run of ACSI on a dataset where similarity scores are only set between members with the same COG identifiers finds the exact same set of clusters as the common intervals based approach.
To evaluate the predictive power of our approach, we compare the output of our program to gene clusters predicted by the reference gene cluster algorithm (RGC) [11] . While this algorithm is capable of multiple genome comparison and the detection of faint conservation patterns, we use it in this context for pairwise genome comparison to detect interval pairs (I 1 ,I 2 ) whose gene sets have a symmetric set distance of at most 2. It has been previously observed that the generalization to approximate conservation underlying the reference gene cluster approach is not only a way to find imperfectly conserved clusters, but also a means to add robustness against errors in gene family assignment. For example, an interval pair may appear to have a set distance of two because besides the shared genes, there is one gene unique to I 1 and one gene unique to I 2 . However a closer inspection of the genes reveals that these genes are in fact homologs that were not recognized in the preceding partitioning of genes into homology families. We ran RGC on all pairs of the 93 genomes setting parameters δ = 2 (maximal tolerated symmetric set distance) and s = 3 (the minimum cluster size). The program returned among others 192900 "single-mismatch clusters", i.e. clusters that have exactly one extra gene in each interval. In 47453 (24.60%) of the single-mismatch clusters, we observe a similarity score between the two extra genes in our BLAST dataset. ACSI found 89.84% of the single-mismatch clusters and for 75.24% the extra genes turned out to be pairwise best hits. Moreover we observe that in 18143 among the single-mismatch gene clusters predicted by RGC the two extra genes have exactly the same annotation string. (Annotations containing the word "hypothetical" were ignored.) ACSI finds 90.19% of these clusters. Surprisingly, 4.59% of the single-mismatch clusters in which the two extra genes had best hits to each other were not found by ACSI. This is because for one or more of the other genes in the cluster our BLAST results did not return any similarity score to a gene in the other interval. Apparently the elements of a cluster of orthologous groups can be very faintly related in terms of sequence similarity.
Comparison with RegulonDB data. Among other information about transcriptional regulation, RegulonDB [29] provides a list of operon locations in Escherichia coli K12. While the majority of operons in RegulonDB are computationally predicted, some are also experimentally confirmed. From 2649 operons reported in RegulonDB, 846 span two or more genes. We mapped these operons to the annotation of the E. coli K12 genome in our data set. However, 104 operons contain genes that are not annotated in our dataset and thus were omitted from subsequent analysis. The remaining 742 operons span between 2 and 16 genes, 71.83% of which span 2 or 3 genes. The number of detected gene clusters depends strongly on the degree of evolutionary relatedness between the E. coli K12 genome and other genomes in the dataset. While ACSI and RGC predicted many occurrences in other close related g-proteobacteria in our dataset, for the majority of genomes only few occurrences of operons were reported. Additional file 1 Section 4.2, gives an overview of the number of found gene clusters in the dataset. The sets of reported operons found by ACSI and RGC are not entirely overlapping. Instead, ACSI finds operons which RGC does not find and vice versa. A complete overview of unique findings for algorithms and parameter settings is shown in Table 2 .
Conclusions
In this work we introduced a new model to detect gene clusters based on the study of (approximate) weak common intervals in indeterminate strings. In context of gene family-free analysis, we presented a scoring scheme for (approximate) weak common intervals which rates both interval size and the degree of similarity between the contained genes of an (approximate) weak common interval pair. We use our gene family-free model to predict gene clusters between pairs of genomes. This approach is evaluated in comparison with the common intervals-based reference gene cluster model.
In addition to the use case of detecting gene clusters, our algorithms can also be helpful to identify synteneous blocks in a gene family-free analysis. The hierarchical nature of common intervals is maintained in our weak common intervals model, which makes it ideal for studying potential synteneous blocks of arbitrary resolution. The basic concept of common intervals in strings has seen many generalizations in the past years which have greatly increased its utility for biological studies, in particular the Columns stand for bins of weak common interval scores, rows for bins of overlap sizes of the COG identifier sets of weak common interval pairs. Values are given in percent with respect to the total number of pairs per score bin given in the last row.
simultaneous consideration of more than two strings, requiring common intervals to occur in all or at least a certain number of them. This generalization of (approximate) weak common intervals in indeterminate strings is undoubtedly an interesting direction for future work.
Additional material
Additional file 1: Supporing Information Each column shows the number of unique findings of an algorithm and parameter setting indicated by the column heading in comparison to algorithms and parameter settings specified in the rows.
